Abstract-Obtaining an overview of the spatial and temporal distribution of seabed sediments is of high interest for multiple research disciplines. Multibeam echosounders allow for the mapping of seabed sediments with high area coverage. In this paper, the repeatability of acoustic classification derived from multibeam echosounder backscatter is addressed. To this end, multibeam echosounder backscatter data acquired on the Cleaver Bank (North Sea) during five different surveys is employed using two different classification methods, i.e., a method based on the principal component analyses and the Bayesian technique. Different vessels were used for the different surveys. The comparison of the classification results between the different surveys indicates good repeatability. This repeatability demonstrates the potential of using backscatter for long-term environmental monitoring. However, the use of different classification methods results in somewhat different classification maps. Monitoring, therefore, requires the consistent use of a single method. Furthermore, it is found that the statistical characteristics of backscatter is such that clustering algorithms are less suited to discern the number of sediment types present in the study area. The Bayesian technique accounting for backscatter statistics is therefore recommended. A strong positive correlation between backscatter and median grain size for finer sediments (<0.5 mm) using a frequency of 300 kHz is observed within the study area, but an ambiguity is found for sediments with median grain sizes >0.5 mm. Consequently, for the situation considered a unique assignment of sediment type to acoustic class is not possible for these coarser sediments.
morphology because of the systems' capability to map large areas in relatively short time periods. However, capabilities of these acoustic underwater techniques extend beyond the determination of only the seafloor bathymetry. They also exhibit strong potential for classifying the seabed sediments by investigating the sediment backscatter strength that can be derived from the intensities of the received echo. The backscatter strength is physically attributed to seabed properties such as sediment bulk density, seafloor roughness, volume heterogeneity, discrete scatterers, and sediment layering [1] [2] [3] . The contribution of each factor to the backscatter strength is dependent on the complexity of the seabed, acoustic frequency, and angle of incidence [3] . Several regional studies have revealed a relationship of backscatter to sediment properties such as median grain size [4] , [5] , grain size distribution [6] [7] [8] , or shell or gravel content [9] for a specific study area and frequency. However, other studies have shown that in diverse environments additional factors such as benthic fauna [10] , [11] , activity of benthic organisms [12] , sediment compaction [13] , or natural hydrocarbons [14] , [15] may influence the backscatter strength of the seafloor as well.
In general, classification methods employing measured backscatter data can be divided into model-based and imagebased methods [16] . Model-based methods are attributed to techniques that perform inversion based on physical backscatter models either to exploit the measured backscatter strength directly [17] or the angular backscatter response [18] to invert for sediment properties (e.g., mean grain size, roughness spectrum, volume scattering coefficient). Image-based methods are based on statistical relationships and patterns within the backscatter data [19] , [20] . Whereas model-based methods require accurate models for predicting the backscatter strength and well-calibrated systems for measuring backscatter strength [3] , [21] , image-based techniques are also applicable to relative backscatter values from poorly or uncalibrated systems.
In [22] , a review of various strategies and methods employing acoustic remote sensing techniques including single-beam echosounders, side scan sonar (SSS), and MBES to produce sediment or habitat maps is given. They present 147 studies utilizing acoustic survey techniques published during the last two decades. This is a good indicator for the intensive research already carried out and the still ongoing development 0364-9059 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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in the scientific field of seafloor classification. Among others, they classify image-based methods in objective/subjective and supervised/unsupervised strategies. The classification methods applied in this study, i.e., the Principal Component Analysis (PCA) and Bayesian technique, can be referred to as imagebased, objective, and unsupervised strategies. The PCA and Bayesian techniques have been successfully applied to MBES backscatter in several studies [4] , [20] , [23] , [24] . Using the full MBES acoustic data content gives the opportunity for the development of marine-landscape maps displaying topography and the seabed sediment spatial distribution simultaneously. Because of physical and biological, as well as anthropogenic processes, the seafloor is a time-varying environment. Monitoring this dynamic environment requires good repeatability of the methods for seabed sediment classification. That means the data gathering, processing, and interpretation must lead to equal results for different measurement campaigns if the environment does not change. However, regarding the use of MBES measurements for sediment classification, repeatability of the results is a topic of concern. Anderson et al. [21] point out the acoustic-instrument stability, settings, processing algorithms, range, environmental conditions, and survey methods as critical factors influencing the classification results, and consequently, affect repeatability. Therefore, there is a strong demand from the MBES backscatter community for data quality control, standardized acquisition, and processing steps as well as detailed documentation of the processing chain within MBES systems [25] . In the research field of seafloor classification with MBES, the ultimate goal is to generate consistent and repeatable results within the same area under the same settings from backscatter data acquired by differing MBES systems or analyzed by different processing procedures [26] .
The goal of this paper is to apply two different classification methods to MBES backscatter data acquired on different vessels during different surveys carried out in various time periods and to investigate the repeatability and agreement of the resulting sediment maps. To accomplish this goal, the Bayesian approach and PCA in conjunction with k-means clustering approach are applied to backscatter data acquired on the Dutch vessels Zirfaea and Arca in the Cleaver Bank area in the time period from 2013 to 2015. This study site consists of a significant number of sediment types, and intersecting survey tracks within the source data of this study allow for the investigation of the repeatability of the results. The classification results are compared to ground truth data to investigate the relationship between acoustic classes and sediment properties. The spatial resolution capabilities of the classification methods are additionally addressed to illustrate the state of the art of methods for MBES seabed sediment classification. This paper is organized as follows. In Section II, the study area and the data are described. Section III gives an overview of the two classification methodologies that are applied. Then, Section IV presents the results from applying the classification algorithms along with considerations such as the number of sediment classes that can be discerned. Section V is a discussion of the results, addressing the repeatability of the classification, the spatial resolution, the issue of assigning sediment type to the acoustic classes, as well as a discussion on the ambiguity for large grain sizes. Finally, in Section VI the conclusions are presented.
II. STUDY AREA AND DATA
The Cleaver Bank area is located 160 km Northwest from Den Helder in the Dutch North Sea (see Fig. 1 ) and is part of the nature protection areas in the territory of the European Union. The area was formed as a terminal moraine of a glacier during the Weichselian Ice Age. The water depth mainly varies between 25 and 50 m, but is divided from Northwest to Southeast by a 70-m deep channel called the Botney cut (see Fig. 1 ). The Cleaver Bank extends over an area of about 900 km 2 and is the largest area within the Dutch North Sea with coarse sediments [27] . In comparison to the mostly sandy areas of the Dutch seafloor, the Cleaver Bank consists of the entire grain size spectrum from mud to gravel with isolated boulders. The diverse geology of the Cleaver Bank seafloor is a result of the Weichselian Ice Age and is relatively well preserved due to the combination of the sufficiently large depth and the rocky bottom which reduces the erosive influence of waves [28] .
The MBES data considered in this work were acquired in the Cleaver Bank area during five surveys carried out within the period from November 2013 to February 2015. The entire survey area is 57 km in the North-South direction and 30 km in the West-East direction. In general, the survey lines are separated by approximately 1500 m except a few lines spaced closer together, overlapping lines, and several cross lines (see Fig. 1 ). The swath width ranges from 90 to 180 m depending on the water depth. Two different vessels, the Zirfaea and Arca, were both equipped with a Kongsberg EM3002 single head MBES sonar system using a central frequency of 300 kHz. The transmit and receive beam width are both 1.5°for nadir angles. The transmitted pulse length was set to 150 μs and the number of beams was 258 along the entire swath. These parameters were kept constant during each survey. Furthermore, the same transmitted source level, receiver gain and time-varying gain were applied during the different surveys. The acquired MBES data were corrected for roll, pitch, and heave. Depending on the different environmental conditions, the water absorption coefficient was calculated for each survey individually. The MBES data were also corrected for tidal effects.
To obtain a relatively good approximation of the backscatter strength from the received acoustic echo several steps are carried out within the Kongsberg MBES. The system corrects in real time for transmission loss (attenuation and geometrical spreading), insonified area as well as for transmission and reception beam pattern [29] . However, the real-time correction for the insonified area assumes a flat seafloor. Therefore, the backscatter data are corrected for the seafloor bathymetry slope in post processing to obtain the true insonified area [30] . However, some of the real-time correction performed by Kongsberg still includes simplification of the marine environment (e.g., constant absorption coefficient, flat seafloor assumption for reception process), which might affect the true backscatter strength [26] . In addition, an MBES calibration that would account for the alteration of sonar transducers' sensitivities or deviation of the system configuration from the manufacturer specification was not performed. Taking these factors into account, strictly speaking, the employed acoustic data represent a relative rather than absolute backscatter strength because the data might still not be entirely independent of the MBES configuration or environmental impacts. Therefore, we are using the term backscatter data or backscatter values in this paper instead of backscatter strength.
For validation and assignment of sediment type to acoustic class, 104 Hamon and Van Veen grab samples were taken during four different surveys in 2000, and 2013-2015 (see Fig. 1 ). The grab samples were sieved to separate the gravel and shell fragments from the sand and mud fraction. The latter part was analyzed by laser-diffraction granulometry. The percentage of the different grains was used to classify the grab samples after the Folk scheme [30] . Almost no shell fragments or other biological particles were found to be present in the grab samples. Because the seafloor dynamics of the Cleaver bank are low, the grab samples from 2000 are considered to be valid.
III. CLASSIFICATION METHODS
In this study, two unsupervised sediment classification methods, the Bayesian technique and PCA in conjunction with kmeans clustering, are applied to the MBES data of the Cleaver Bank. The Bayesian technique for seafloor classification was developed in [23] , where also a detailed theory description is given. It has since been used in [4] , [20] , [24] , and [32] among others. This section provides a brief overview of the basic concepts and the relevant processing steps to generate the sediment maps of the Cleaver Bank. The theory of PCA was first introduced by Pearson and Hotelling [33] , [34] . Today many different variations of PCA exist which are adapted depending on the application purposes. A very detailed explanation of the application to MBES data is given by [20] .
A. Bayesian Technique
Assuming that a beam footprint contains a large number of scatter pixels, based on the central limit theorem, the backscatter strength per beam footprint can be assumed to be Gaussian distributed [23] . A scatter pixel here is the instantaneously insonified area of the sea floor within a beam footprint of the MBES. Given a constant frequency and angle of incidence, the backscatter strength is dependent on the seabed properties. It follows that if a survey area has a total of m different sediment types, with specific seabed properties, then the backscatter histogram from a selected oblique beam of the echosounder should be represented by a combination of m Gaussian distributions. Consequently, the model for the histogram of measured backscatter values per beam can be written as
where f (y j |x) is the value of the model at backscatter value y j , and x is the vector containing the unknown parameters, 
Here, the n j denote the number of measurements per bin (in our case the bin size is 0.5 dB ) of the previously mentioned histogram and M is the total number of bins in the histogram. For the n j a Poisson-distribution is postulated. 1 The variances σ 2 j are thus equal to n j . The goodness of fit statistic is χ 2 distributed with ν = M − 3 m degrees of freedom. The goodnessof-fit criterion is then further defined as the reduced-χ 2 statistic (χ 2 ν = χ 2 /ν) having a value close to one [35, pp. 68, 195-197] . The value of m for which a further increase of m does not generate a better fit of the model to the histogram, as quantified by the reduced-χ 2 measure, is taken to be the number of seafloor types that can be discriminated in the survey area based on the backscatter data. For the classification, the Bayes decision rule is applied, where there are m states or hypotheses. These hypotheses correspond to the m seafloor types present in the surveyed area. From Bayes and assuming all hypothesis to be equally likely, it is found that the intersections of the m Gaussian probability density functions (pdfs) provide the m nonoverlapping backscatter acceptance regions, corresponding to the m seafloor types.
B. PCA and k-Means Clustering
PCA is a statistical method to reduce the complexity of a data set while preserving most of the information content. This is achieved by transforming the original data set consisting of p (potentially) correlated variables to a new data set of = 1, 2, . . . , p uncorrelated variables Y , the so-called principal components (PCs). Each PC can be seen to account for a part of the variation in the feature values of the original data set. Therefore, the size of the original data set can be reduced by considering only the PCs representing a significant portion of the data variability.
The n measurements of the p variables, often called features, are summarized in an (n × p) data matrix. To account for different magnitudes of the features, the data are standardized, where for each feature the mean is determined and subtracted from the measurements of that feature. In addition, the features are divided by their standard deviation. The matrix F contains these standardized measurements. The first step of PCA is the calculation of the covariance matrix of F as
with F j the jth row of the matrix F. Superscript T denotes the transpose. The second step is to determine the eigenvectors and the corresponding eigenvalues of R by solving
with A the ( p × p) eigenvector matrix whose columns are the eigenvectors a and the ( p × p) eigenvalue matrix where the diagonal elements are the corresponding eigenvalues λ of the covariance matrix R. The obtained eigenvector matrix A is used to transform the original data set F into the new data set consisting of the PCs. Thus, the original measurements F j can be written as a sum over the eigenvectors, i.e.,
with the coefficients for the eigenvectors contained in the row vector Y j of matrix Y. Thus, one finds
where the full matrix Y is of size (n × p), as is the original matrix F, and contains for the n measurements the p coefficients for the eigenvectors. In general, although different definitions exist, the th column Y of Y is considered as the th PC, given by
The amount of variability in the original data set, which is accounted for by the PC Y , is quantified by the eigenvalue λ . Based on these eigenvalues a subset of PCs can be selected that represent the majority of the variations in the measurements. For this work, the subset was selected such that 70%-90% of the data variability is accounted for. These PCs are then supplied to the k-means algorithm to group the PCs into different clusters [36] .
The k-means clustering algorithm aims to assign the n data points for each of the PCs into k predefined clusters S i (i = 1, . . . , k). Thereby the sum of the squared Euclidean distance between the data points and the average of all data points within the cluster, i.e., the so-called cluster centroid, is minimized. The minimization problem is thus
where x s is a data point within the cluster i and c i is the cluster centroid of the cluster i.
The application of the k-means algorithm to a data set requires a predefined number of clusters k. However, the estimation of how many clusters to use is a well-known issue in unsupervised classification methods [37] and is in general the most subjective part of a cluster analysis. In this study, three different statistical methods are applied to the MBES backscatter data set to determine the number of clusters.
The statistical methods are applied to the output of the clustering techniques using varying numbers of clusters. The first method, the gap statistic, was proposed by Tibshirani et al. [38] . This method calculates the overall within-cluster variance of the data set and compares this value to an expected value calculated for an appropriate reference distribution. The estimated number of clusters is defined, where the logarithmic overall within-cluster variance value is minimized. A detailed mathematical description is found in [38] . The second method, the Silhouette statistic, is developed by Kaufman and Rousseeuw [39] . The average distance of the observations within the clusters and the average distance of the observations to the data points in the nearest clusters are calculated for each number of clusters. The values are called the Silhouette coefficients. The optimal number of clusters is selected, where the Silhouette coefficient is maximized. Finally, the David-Bouldin criterion is also used in this study [40] . This method examines the ratio of the withincluster distance and between-cluster distance. The optimal clustering solution is represented via the smallest David-Bouldin index. In [38] , the performance of several cluster number estimation methods including the gap statistic and the Silhouette coefficient was investigated. That study demonstrated that the gap-statistic performs most efficiently. 
IV. RESULTS
In this section, the results of the two classification methods are presented. Both methods employ the MBES backscatter data for the classification of the seafloor.
A. Bayesian Method
For the application of the Bayesian method we use receiving beams between 20°and 60°. The beams between nadir and 20°a re not used because, first, there are too few scatter pixels to meet the central limit theorem requirement and, second, these beams are less sensitive to sediment properties (e.g., roughness) variation than the outer beams [41] . Often receive beams beyond 60°can also be used for classification but for the data considered here, those beams tended to be too noisy to yield reasonable results.
The estimation of the optimal number of classes is a wellknown issue in unsupervised classification methods [37] . However, for the Bayes method, a statistically sound approach is available. Here, the curve fitting procedure, as described in Section III-A, is executed for increasing numbers of sediment types m. The number of sediment types present in the area is taken as that value of m for which a further increase in m does not result in a further improvement of the fit. The goodness of fit is quantified through the reduced χ 2 ν statistic. For the Cleaver Bank data, it is found that a maximum of seven sediment types can be discriminated based on the available backscatter data. Fig. 2(b) . In general, such behavior is found for a limited number of cases and, therefore, these results are discarded when determining the number of sediment types. These analyses have been carried out for beam angles between 46°and 60°and for all surveys, not all of which are plotted here. In general, a single outer beam is used to determine the number of Gaussians, but given that our data is noisy, we choose to investigate a number of beams. The use of seven Gaussians is found to reproduce the measurements best.
As an example, Fig. 3 presents the result of the fitting procedure for seven Gaussians. Here, the histogram of the measured backscatter data n j (black line with error bars) per 0.5-dB bin is almost hidden by the modeled backscatter in red. The variance of the measured data is indicated by the error bars. Also seen are the 7 Gaussians used for the curve fitting in black. After a good fit is found per beam angle and per experiment, the intersections of the unscaled Gaussians are used to derive the ranges of backscatter, corresponding to the different acoustic classes, from which the acoustic class map is derived as explained in [23] . Acoustic classes 1-7 correspond to the Gaussians from left to right, and from lowest to highest backscatter values. The resulting classification map is shown in Fig. 4 , where each acoustic class is presented with a separate color. Colors have been selected such that from green to purple the backscatter value increases.
B. PCA and k-Means Clustering
PCA in conjunction with a clustering algorithm is a common unsupervised classification technique for seafloor classification based on backscatter [24] , [19] . This technique is applicable to relative backscatter values and, therefore, does not necessarily require calibrated MBES. In recent studies, this method was also applied to backscatter and bathymetry simultaneously [20] , [4] . However, in this study PCA and k-means clustering are only applied to backscatter so that a direct comparison with the classification from the Bayes method can be made.
As with the Bayesian technique, for PCA and k-means clustering, beam angles from 20°to 60°are considered. The backscatter data are averaged over seven pings in the along-track direction and over an angle range of 2°to 4°in across-track direction. To eliminate the angular dependency of backscatter the global Z-score approach is applied, which is the subtraction of the mean value from the backscatter value, and then divided by the standard deviation at each angle [20] , [42] (henceforth simply referred to as backscatter). To obtain the same resolution among the entire survey area, surface patches of 10 m × 10 m are constructed similar to [32] . For each surface patch eight statistical features of the backscatter distribution are calculated (see Table I ). The arithmetic mean gives the averaged backscatter value within the patch. If the distribution is not symmetric, the median value differs from the mean and provides the middle of the distribution. Therefore, the median can be considered as an additional valuable feature. The mode represents the value with the highest occurrence within a patch and defines the main tendency of the feature [20] . The standard deviation shows the variability of the backscatter and might be valuable to characterize the heterogeneity of the sediment. Because outliers are removed during processing, the minimum and maximum value can be used to define data extremes and might also indicate specific characteristics of the seabed. The higher statistical moments, skewness, and kurtosis, are measures of the shape of a probability distribution. In previous studies, it was shown that the K-distribution can be used to describe the skewed distribution of backscatter data for all sediment types and the shape parameter of the Kdistribution can be used as tool for seafloor classification [32] , [43] , [44] , [45] . Therefore, the skewness and kurtosis might provide valuable information about the sediment distribution.
To identify the most valuable of these features, PCA is applied. PCA analysis indicates that the first three PCs contain most of the data variability of around 85%. Fig. 5 displays the ratio of the sum of the correlation between the first three PCs and the eight backscatter features to the sum of correlation between the remaining PCs and the eight backscatter features. In [20] , the threshold value has been chosen considering the following three conditions: 1) it is similar to the mean value (red line); 2) it includes an adequate number of features for PCA; 3) it generates consistent results for each survey. Considering these three conditions the mean, median, mode, and the minimum of the backscatter data are revealed as the most informative features.
These features were used as an input for a second application of PCA to further reduce the complexity of the data set and simplify the application of the k-means clustering. The analysis shows that the first PC accounts for 98% of the data variability, which indicates high correlation between the selected four backscatter features. Therefore, only this component is used in the k-means clustering.
To estimate the optimal number of acoustic classes that can be distinguished within the data, the gap statistic, silhouette coefficient, and Davies-Bouldin method are applied. The methods use the output of the k-means algorithm, which is applied to varying numbers of clusters in the range from 2 to 10. The results of each method are plotted in Fig. 6 . Each method has different magnitudes of criterion values and therefore the values are normalized. The optimal number of classes estimated and suggested by each method is two, which is indicated by the red dots. This can be understood from Fig. 3 , showing a histogram of the backscatter data. Clearly two main peaks are present. These two main peaks are estimated as individual clusters by the statistical methods. However, this is in disagreement with both the ground truth data, which reveals eight sediment types, and the Bayesian technique, which estimates seven clusters, similar to the ground truth data.
To further investigate why the statistical methods only identify two clusters within, the backscatter data the Gap statistics, Silhouette coefficient, and Davies-Bouldin methods are applied to synthetic backscatter histograms. Four different synthetic backscatter histograms with varying degree of overlap and number of main peaks are shown in Fig. 7 . Fig. 7(c) represents a similar backscatter histogram as the measured histogram (see Fig. 3 ). Again, the methods only identify the two main peaks as individual clusters. Modeling backscatter histograms with four and seven main peaks, respectively [see Fig. 7 (b) and (d)] and applying the statistical methods show that even when the individual peaks are clearly visible, the overlap hampers the clustering methods' ability to identify the peaks as individual clusters. Only the synthetic backscatter histogram in Fig. 7(a) having peaks with very distinct separations were correctly found to have four clusters by the three methods. This demonstrates that the statistical methods trying to estimate the number of clusters require a clear segmentation of the individual clusters, which is not always the case for backscatter data. Seafloor backscattering is a random process having statistical fluctuation leading to a natural overlap of the backscatter data [1] . In addition, mostly heterogeneous seabed does not show clear boundaries between sediment types, increasing the overlap within the measured backscatter data. In this study, the backscatter features are highly correlated. It is hypothesized that for situations where this correlation is less, or when additional information such as those derived from bathymetry are added, the overlap in clusters diminishes and separation between clusters would be higher. The Bayesian technique accounts for the statistical fluctuation of the backscatter data [23] and, therefore, is able to distinguish between individual overlapping clusters. This method estimates seven clusters to be present in the data set. Based on the result of the Bayesian technique and taking into account the fact that the ground truth data reveals eight sediment types (defined by the Folk scheme) (see Section IV-C) as well as to have consistency between the Bayes and PCA/k-means methods, k-means clustering is applied with a choice of seven clusters.
Acoustic classes are obtained from the output of the k-mean clustering by sorting the seven clusters according to the averaged backscatter value of each cluster. Fig. 8 displays the resulting acoustic classification map. Compared to the acoustic map of the Bayesian approach (see Fig. 4 ) acoustic class 1 and 7 have a very large contribution to the entire map. The resulting map can be divided in seven distinct areas based on the criterion 2) and 3) the homogenous north-western and south-eastern parts with lower backscatter values; 4) the very homogeneous Botney cut characterized by only acoustic class number 1 in the south of the central part; 5) the south-western area that is characterized by homogeneously distributed sediments with high backscatter values; and 6) just north of the center a stripe of low backscatter, homogeneously distributed sediment is located; 7) further north in the north-eastern part of the map a very small stripe of heterogeneous, high acoustic classes, sediment is present. These distinct areas are also visible in the acoustic map of the Bayesian technique (see Fig. 4 ). The main differences to consider belong to a shift between the acoustic classes, in particular at the low and high classes. A more detailed view and discussion of these maps follows in Sections V-A. and V-C.
C. Ground Truth
The analyses of the grab samples indicate the presence of eight different sediment Folk classes, ranging from sandy mud to sandy gravel in the Cleaver Bank. The grab samples containing gravel are located in the northern and middle part of the survey area as well as in the south of the Botney cut (see Fig. 13 ). Sandy mud grab samples are only available within in the Botney cut and muddy sand occurs mainly around the Botney cut. The grab samples from 2013 to 2015 are located directly on the MBES track, whereas some grab samples taken in 2000 are located about 500 m away from a MBES survey line (see Fig. 1 ).
V. DISCUSSION
In this section, the repeatability of the classification results is discussed by comparing the different surveys. The assignment of acoustic classes to sediment classes based on the correlation of ground truth data with acoustic classes is also examined. Furthermore, the spatial resolution and the reliability of the classification results is analyzed. Finally, the relationship between median grain size and backscatter values is investigated. 
A. Repeatability and Consistency of Classification Results
To examine the repeatability of the classification results over the different surveys, a small area of the Cleaver Bank is shown in Figs. 9 and 10 , with a total of ten intersections of survey lines. First, even though it would not be expected, it is possible that there was a sediment change from 2013 to 2015, which would explain why the discrepancy is present for both classification methods in area C. To prove a sediment change at any point a grab sample from both periods at the location would be required but this is not available. According to Fig. 11 , there are discrepancies between the 2013 and the 2014/2015 data but they are not greater than 1 acoustic class except for 1 instance. It is possible that the backscatter from locations with different classifications are close to a class boundary and happen to fall within the 1 class discrepancy range. A further reason for a mismatch could be a directional small-scale morphological influence because of different sailing directions [46] . Given that this is data from five different surveys carried out over the time period from 2013 to 2015 and that the data were acquired by different vessels, crews, MBES systems, and environmental conditions, the results still demonstrate the high degree of repeatability and consistency of the acoustic classifications for both methods. Although the classification results are in good agreement when comparing the classification from different surveys for one method, the comparison between classification results from applying different methods reveals differences. Whereas the Bayes classification indicates the presence of mainly five types of sediments, since acoustic classes 1 and 7 are hardly present, the PCA classification shows all sediment types to be almost equally present. The deviations from PCA and Bayesian within the low and high acoustic class ranges are related to the different mathematical approaches of the methods. Considering Fig. 3 , it is seen that the pdfs of acoustic class 1 and 7 have only a very small contribution to the histogram of backscatter measurements. For k-means clustering 7 sediment types are assumed. K-means clustering defines the clusters on a simple similarity measurement of the first PC and assigns these clusters based on an increasing backscatter value. This leads to a more balanced number of data points within the individual clusters, i.e., acoustic classes. Therefore, the PCA results show, in contrast to Bayes, a significant presence of acoustic class 1 and 7. Still, the maps obtained with the two different methods indicate a similar spatial distribution of the different sediment types over the area.
B. Mapping Folk Class by Combining Acoustic Classes With Ground Truth Data
Often, for mapping the spatial distribution of sediments, use is made of maps presenting the Folk class. Here, it is investigated to what extent these types of maps can be derived from the acoustic classification results by assigning sediment types to the acoustic classes. For this, we use the grab samples that are located at a distance less than 25 m from a survey track, i.e., slightly more than the 20 m recommended in [46] , and that are in areas with little spatial variation in sediment type. As such, the initial 104 grab samples (see Fig. 1 ) are reduced to 77 grab samples.
As a first step, it is assumed that the lowest acoustic class represents finer sediments whereas the highest acoustic class represents coarser sediments. Here, the order of Folk classes is selected such that it is assumed to represent increasing median grain size. The resulting number of matches between acoustic class number and sediment type at the grab sample location are plotted in Fig. 12 for the Bayes and PCA results, respectively. In general, indeed increasing acoustic class is seen to correspond to an increasing median grain size, as represented by the sediment type.
The PCA results show a good match of acoustic class 1 with the sediment type sandy mud. For example, this indicates that the Botney cut is covered by sandy mud. However, the assignment of the sand sediment types from muddy sand to sandy gravel are less clear. For instance, the sediment type sand shows a uniform distribution from acoustic class 1 to 5. This indicates additional factors influencing the backscatter data and causes difficulties in the assignment of sediment type sand to a distinct acoustic class. For the Bayes results [see Fig. 12(a) ] it is found that acoustic class 1 does not correlate to any grab sample. For all other acoustic classes, there is some ambiguity in the relation between sediment type and acoustic class. Fig. 13 shows the Folk class map based on the Bayes classification accounting for the mentioned nonuniqueness. The proposed assignment of Folk class to sediment type used is presented in Table II . However, it should be noted that especially for acoustic class 5 a unique relation with Folk class is not found and for Fig. 13 it is taken to correspond mainly to gravelly sand and muddy sandy gravel. A similar map can be made for the results of PCA, but here only the Bayes results in Fig. 13 are presented.
C. Spatial Resolution of Classification Results
To investigate the scale of information obtained from the acoustic classification, Fig. 13 shows more detailed pictures of selected areas in the Cleaver Bank. These areas are selected because grab samples are available and abrupt changes in the acoustic class occur within a mainly homogeneous area. Whereas, on the main sediment map the high resolution and the agreement between grabs sample and classification result are not obvious, the zoomed in plots do demonstrate these items. Each picture depicts strong changes in sediment classes over tens of meters resolved by the acoustic classification method. The sediment type of the grab samples denoted by the colored squares matches well with the classification result. In particular, Fig. 13(b) shows an abrupt change in the sediment map, which matches perfectly with the ground truth given sandy gravel and sand as a sediment type. It is notable that the sand grab sample is only approximately 10 m away from the estimated sand to gravel boundary but is perfectly resolved on the sediment map. Fig. 13 (c) displays an area that seems to be a homogeneous sandy mud to muddy sand region on the main map but the detailed view reveals a gravelly sediment patch within this area. This patch matches very well with the grab sample of muddy sandy gravel. The detailed pictures display only a few examples of the match between classification result and grab sample. The main map of the Cleaver Bank, in general, also shows good agreement between classification results and ground truth. For instance, the Botney cut is classified with sandy mud which fits to each grab sample taken in that area.
D. Relation of Acoustic Classes With Sediment Median Grain Size
In Section V-B, the relation between acoustic class and Folk class is investigated. It is found that no unique relation holds for the frequency and sediments considered in this study. Therefore, in this section it is investigated whether a more unique relationship between acoustic class and median grain size exists. To this end, the median grain sizes (D50 value) of the grab samples are now considered as in [47] . Except for class 7, the median values increase with class number as seen in Fig. 14 , which presents the median of the D50 values as a function of acoustic class. This reflects an increasing backscatter value with increasing class number. Class 7 does not have a mean or median value higher than that of class 6. This indicates a situation where the highest backscatter values (class 7) apparently correspond to median grain sizes that are not necessarily higher than those belonging to class 6. Based on this result it can be concluded that, especially for the higher acoustic classes, as for the Folk class also no unique relationship between acoustic class and median grain size exists in the data. To further investigate this we consider standardized backscatter values instead of acoustic class. In Fig. 15 , the backscatter values (averaged over measurements within 25 m around a grab sample location) are shown as a function of D50 values. The backscatter values are additionally normalized by dividing each backscatter value by the maximum backscatter value thus yielding values strictly between -1 and 1. Fig. 15 shows a significant positive correlation between backscatter and median grain size for the fine fraction [< 1φ, (0.5 mm)]. However, from the data, it is found that the magnitude of increase in backscatter with increasing median grain size is less significant between 1 and −1 φ (0.5−2 mm), followed by a plateau and a decrease for even coarser sediments. This indicates an ambiguity for the relationship between backscatter values and median grain size exists and hinders the discrimination of sediment types with median grain sizes larger than 1 φ (0.5 mm) using acoustic classification methods based only on backscatter data. This is in agreement with the findings of Section V-B and indicates that there is no oneto-one relationship between median grain size and backscatter for the entire grain size spectrum. Such a positive correlation between backscatter and median grain size followed by a negative correlation was also observed in [4] . They referred to this change in relationship as a transition point. The transition point in the study of [4] occurred at −3.5 φ (11 mm) using a frequency of 300 kHz. We estimate the transition point at approximately −2 φ (4 mm). The transition point in [4] and the transition point in this study both occur roughly around the acoustic wavelength (5 mm) of the MBES.
VI. SUMMARY AND CONCLUSION
In this study, two different acoustic classification methods, namely the Bayesian method and the PCA in conjunction with k-means clustering, were applied to MBES backscatter data from the Cleaver Bank in the Dutch North Sea. For both methods, the classification is based on changes in backscatter values for different sediment types. The data were acquired on two different Dutch vessels during five different surveys carried out in various time periods from 2013 to 2015.
The resulting maps show a high consistency between the classification results obtained from the different surveys and using a single classification method, despite the use of different vessels and varying time periods. Some discrepancies are observed (a difference of 1 acoustic class); to gain a better understanding of these would require repeated surveys following the same survey patterns and supported by repeated grab samples for each of those surveys. Despite the discrepancies, this study demonstrates the potential of using backscatter data for achieving repeatable seabed sediment classification results even if the backscatter data are acquired during different time periods and from MBES systems, which are mounted on different ships and thus subjected to different calibrations, survey settings, and ship crews. It can be concluded that the current state of MBES sediment classification techniques is such that it can be applied for marine sediment monitoring purposes, where the aim is to identify changes in the sediment over time.
However, the current study clearly shows that monitoring requires the use of a single classification technique. Although, the same large-scale features are resolved, the two different techniques result in different maps. For the two techniques considered and using backscatter data only, the difference fully stems from the different approaches used for assigning backscatter measurements to a certain acoustic class. The Bayesian technique accounts for the statistical characteristics of the backscatter by assuming Gaussian distributed backscatter values. Whereas PCA in conjunction with the k-means algorithm uses a cluster technique to classify a data set with respect to similarities of predefined properties and, thereby, neglects the natural fluctuation of backscatter, which can superimpose the backscatter variation due to different seabed properties. The latter was found to underestimate the number of sediment types within the study area. Still, if additional information, such as bathymetry derived features, is considered the PCA method becomes an essential tool due to the ability of selecting the most valuable features [4] , [20] .
Finally, it was investigated to what extent Folk classes and median grain sizes can be assigned to acoustic classes. In general, this step is hindered by the fact that sediment bulk density, seafloor roughness, volume heterogeneity, discrete scatterers, and sediment layering all contribute to backscatter strength depending on the seabed complexity, acoustic frequency, and incident angle [1] [2] [3] . For the Cleaver Bank area and the multibeam (300 kHz) considered here, no unique relation between Folk class and acoustic class could be established. To still be able to map Folk class, a conversion scheme accounting for this nonuniqueness was introduced, where a range of Folk classes is assigned to a single acoustic class. With regards to the relationship between median grain size and backscatter (acoustic class), a strong positive correlation for the fine fraction (< 0.5 mm) followed by a decrease in positive correlation and a change into negative correlation for coarser sediments (> 4 mm) are observed. This constitutes an ambiguity in the relationship between backscatter and median grain size. Therefore, care must be taken when assigning sediment properties or types (e.g., median grain size or Folk class) to an acoustic class based on MBES backscatter.
In conclusion, although limitations exist, current seafloor classification capabilities are such that they are a valuable asset in long-term monitoring efforts of the marine environment.
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